Introduction
CRC is the third most common malignancy and the fourth leading cause of mortality worldwide. 1 Risk stratification of CRC may require the combined multiple approaches, including analysis of molecular biomarkers and clinical data, and thorough experimental studies. In the past two decades, study results have confirmed that tumor is a heterogeneity disease. 2 The combined model of multiple clinical and molecular parameters could be a much more objective prognostic tool for CRC patients.
Chemokines are a group of small molecular weight proteins that bind to the G protein-coupled chemokine receptors. 3 Chemokines and their receptors are divided into four subfamilies (CXC, CC, CX3C, and C) based on the pattern of cysteine residues, where C represents the cysteine and X represents noncysteine amino acids. 4, 5 Chemokine family genes are closely related with senescence, angiogenesis, epithelial mesenchymal transition, proliferation, immune evasion, and tumor metastasis. 6 The altered expression of chemokines and their receptors is found in many malignancies and may lead to aberrant chemokine receptor signaling. [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] The chemokine ligand-receptor interactions were closely related with tumor immunity, progression, and metastasis in CRC patients, including the CXCL1-CXCR2, 7 CXCL9/10-CXCR3, 8, 9 CXCL12-CXCR4, [10] [11] [12] [13] [14] CCL2-CCR2, 15, 16 CCL5-CCR5, 17 CCL15-CCR1, 18 CCL20-CCR6, 19 and CX3CL1-CX3CR1 20 axes. Although small sample studies showed that some chemokines could be used as the single biomarker for CRC, the values of these genes were not further validated in other validation sets. 8, 11, 13, 16, [21] [22] [23] Until now, there is no multi-RNA classifier of chemokine family genes for predicting tumor recurrence in CRC patients. As a widely used microarray platform, Affymetrix human genome U133 plus 2.0 array included all probes of human genome U133 set and about 6,500 new genes. 24 Almost all the mRNA-level data of chemokine family genes could be obtained from this microarray platform. Laetitia Marisa defined six molecular subtypes for CRC based on the main biological characteristics, including one subtype with downregulated immune pathways (C1), one deficient mismatch repair subtype (C2), one KRAS mutant subtype (C3), one cancer stem cell subtype (C4), one subtype with the upregulated Wnt pathway (C5), and one subtype with a normal-like gene expression profile (C6). 25 Therefore, we performed this study to develop and validate a multi-RNA prognostic classifier of chemokine family genes for predicting recurrence in stage I-III patients with CRC by analyzing the microarray data. These multi-RNA signatures were further validated in CRC patients with different Marisa's biological subtypes (C1-C6). 25 
Materials and methods

Datasets preparation
Gene expression of chemokine family genes and corresponding clinical data were obtained from the GEO database. All log2-transformed expression data of chemokines and their receptors were obtained from Affymetrix human genome U133 plus 2.0 array (GSE39582 and GSE14333). The expression values of genes with multiple probes were calculated by using the median values of multiple probes. After filtering out CRC patients without DFS and clinical data, there were a total of 718 stage I-III patients with CRC, including 492 from GSE39582 and 226 from GSE14333. The 492 patients from GSE39582 were randomly divided into training (n=246, GSE39582) and internal validation (n=246, GSE39582) sets. The 226 patients from GSE14333 were used for the external independent set.
statistical analysis
The survival analysis was performed by the "survival" package of R software (version 3.4.3). In the training set, the association between the expression level of chemokine family genes and CRC patients' DFS was evaluated using a univariate Cox regression analysis. Those chemokine family genes were considered to be significant if their P-values were less than 0.05. Then, the selected chemokine family genes were fitted in a multivariate Cox regression analysis in the training set. Risk scores were calculated by the selected chemokine family genes and their regression coefficients in the multivariate Cox regression analysis, [26] [27] [28] as follows:
where k is the number of prognostic chemokines, C i represents the coefficient of the ith chemokine in the multivariate Cox regression analysis, V i is the expression value of the ith chemokine. Using the upper quartile value of risk scores in the training set as the cutoff point, CRC patients in the training, internal validation, and external independent sets were classified as low-risk or high-risk correspondingly. Survival differences between low-risk and high-risk groups were assessed by the Kaplan-Meier estimator and log-rank test. The multivariate Cox regression analysis was performed to assess whether this risk score was independent of the clinical characteristics such as stage, age, gender, and adjuvant chemotherapy. Additionally, ROC curves were used to compare the predictive value of DFS by the combined model of risk score and stage, and this risk score model and stage alone. The ROC curve analysis was performed using the "pROC" package of R software (version 3.4.3). To generate the ROC curves, those CRC patients whose durations were less than the 5-year DFS needed to be excluded, if they still did not recur at last follow-up. The remaining CRC patients were classified as having either shorter or longer than the recurrence-free survival of 60 months. 28 The prognostic values of this multi-RNA prognostic classifier were further validated in different Marisa's biological subtypes (C1-C6). 25 The log-rank test, Cox regression analysis, and ROC analysis were considered to be significant if their P-values were less than 0.05. 
Functional enrichment analysis
To evaluate the functional implication of these nine chemokines, functional enrichment analyses for GO and KEGG category were performed with the GeneCodis web tool (http://genecodis.cnb.csic.es/). [29] [30] [31] GO and KEGG category enrichments were based on the threshold of P-value <0.05. Significant enrichment results were visualized using R software (version 3.4.3).
Results
Identification of survival-related chemokines in the training set Figure 1 shows the study flow for the development and validation of the nine-chemokine classifier. By using microarray data, we identified 59 chemokine family genes from GSE39582 and GSE14333. We further analyzed these 59 genes by the univariate Cox regression analysis in the training set (n=246, GSE39582; Table S1 ). Consequently, we identified nine chemokines that were significantly correlated with DFS in CRC patients (shown in Table 1 ). The positive coefficients for three chemokines (CCL1, CCL14, and CXCL14) indicated that their higher levels of expression were associated with worse prognosis. The negative coefficients for the remaining six genes (CXCL1, CXCL3, CXCL9, CXCL10, CXCL11, and CXCL13) indicated that their higher levels of expression were associated with better prognosis.
survival comparisons between lowrisk and high-risk groups in the training, internal validation, and external independent sets According to these chemokines and their regression coefficients in the multivariate Cox model, we calculated the risk scores for every patient in the training (n=246, GSE39582), internal validation (n=246, GSE39582), and external independent (n=226, GSE14333) sets. Using the cutoff value of risk scores (1.559), CRC patients were classified into low-risk group and high-risk group for the training (low-risk/high-risk: 185/61), internal validation (low-risk/high-risk: 196/50), and external independent (low-risk/high-risk: 185/41) sets. Figure 2 shows the distributions of this risk score and the DFS status in these three sets. As shown in Figure 2 , CRC patients with high-risk scores tended to have higher risk of treatment relapse. 
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Xu et al Table 1 The characteristics of nine chemokines associated with DFS in the training set of 246 CRC patients (n=246, gse39582) 
Figure 2
The distributions of risk score and DFS status in the training (n=246, GSE39582), internal validation (n=246, GSE39582), and external independent (n=226, gse14333) sets. Abbreviation: DFs, disease-free survival. 
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The clinical characteristics of low-risk group and highrisk group patients with CRC in these three sets are shown in Table 2 . There were no differences for clinical characteristics (age, gender, stage, and adjuvant chemotherapy) between low-risk group and high-risk group (all P>0.05). Figure 3 and Table 3 show the DFS differences between high-risk and low risk groups in these three sets. The logrank test showed that CRC patients with low-risk scores had significantly longer DFS than those with high-risk scores in the training set (HR=2.353, 95% CI=1.480-3.742, P<0.001) and internal validation (HR=2.389, 95% CI=1.428-3.996, P<0.001), and external independent (HR=3.244, 95% CI=1.813-5.807, P<0.001) sets.
Multivariate Cox regression analysis in the training, internal validation, and external independent sets Table 4 shows the multivariate Cox regression analysis results of the nine-chemokine classifier, gender, age, stage, adjuvant chemotherapy, and DFS in the training, internal validation, and external independent sets. Both the nine-chemokine classifier and stages were significantly associated with CRC patients' DFS in these datasets (all P<0.05).
ROC analysis in the training, internal validation, and external independent sets Figure 4 shows the ROC curves for predicting DFS in the training, internal validation, and external independent sets. AUC of the nine-chemokine classifier is similar with that Table 2 Clinical characteristics of CRC patients according to the nine-chemokine classifier in the training (n=246, gse39582), internal validation (n=246, GSE39582), and external independent (n=226, gse14333) sets Table 5 ). Table 6 ). Subgroup analysis showed that stage II-III patients with low-risk scores had significantly longer DFS (P<0.05) than those with high-risk scores (shown in Figure 5 ). 
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Xu et al Figure 3 Kaplan-Meier curves of disease-free survival according to the nine-chemokine classifier in the training (n=246, GSE39582), internal validation (n=246, GSE39582), and external independent (n=226, GSE14333) sets. The prediction values of the ninechemokine classifier for different biological subtypes in the combined training and validation set
Disease-free survival
To verify the value of the nine-chemokine classifier, we further validated our findings in different molecular subtypes of Laetitia Marisa in the combined training and validation set (n=460, GSE39582). We further validated the values of the nine-chemokine classifier for different biological subtypes in the combined training and validation set (n=492, GSE39582 Figure 4 Receiver operating characteristics curves of the combined model of the nine-chemokine classifier and stage, the nine-chemokine classifier and stage alone for predicting disease-free survival in the training (n=246, GSE39582), internal validation (n=246, GSE39582), and external independent (n=226, GSE14333) sets. Abbreviation: aUC, area under the curve. 
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Xu et al Table 5 Comparison of the survival of colorectal cancer patients according to the nine-chemokine classifier in the combined training and validation set (n=492, gse39582) Set Risk group (n) Disease-free survival Overall survival
1-year 3-year 5-year HR (95% CI) P-value 1-year 3-year 5-year HR (95% CI) P-value
The combined set (n=492) 
4059
Prognostic classifier for colorectal cancer downregulated immune pathways) and C3 (one KRAS mutant subtype) (shown in Figure 6 ). Patients with high-risk scores had significantly shorter DFS (all P>0.05) than those with low-risk scores in the subtypes C2 (one deficient mismatch repair subtype), C4 (one cancer stem cell subtype), C5 (one subtype with the upregulated Wnt pathway), and C6 (one subtype with a normal-like gene expression profile) (shown in Figure 6 ). But the Cox regression analysis showed that the integrated lncRNA-mRNA classifier was not significantly associated with the subtypes C1, C3, and C4 patients' DFS (all P≥0.05). The integrated lncRNA-mRNA classifier was an independent prognostic factor for the subtypes C2, C5, and C6 patients' DFS (all P<0.05).
Functional enrichment analysis
To explore the functional implication of nine chemokines, we performed functional category enrichment analysis. Functional enrichment analysis showed that the nine chemokine family genes were significantly enriched in 55 GO terms and 9 KEGG pathways (shown in Figure 7 ). The functional categories are mainly involved in eight GO terms, including immune response (GO:0006955), inflammatory response (GO:0006954), signal transduction (GO:0007165), chemotaxis (GO:0006935), cell-cell signaling (GO:0007267), extracellular space (GO:0005615), extracellular region (GO:0005576), and chemokine activity (GO:0008009). The mainly involved KEGG pathways included cytokine-cytokine receptor interaction (KEGG:04060), chemokine signaling pathway (KEGG:04062), and toll-like receptor signaling pathway (KEGG:04620).
Discussion
Although the TNM staging system is widely used as the risk stratification of CRC patients, it is insufficient in the prediction of prognosis and estimation for some patients. 32, 33 Conflict clinical outcomes may exist among some CRC patients with the same stage. 31, 32 To date, there are no clinically utilized prognostic biomarkers in CRC patients. An increasing amount of evidence demonstrates that chemokines and their receptors play an important role in tumor immunity, progression, and metastasis of CRC patients. [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] The discovery and application of a multiple-chemokine biomarker will promote the evaluation and identification of potential high-risky recurrence in CRC patients. To identify the prognostic chemokines, we profiled chemokines by mining the existing microarray data of Affymetrix human genome U133 plus 2.0 array. We applied a univariate Cox regression analysis to select DFSrelated chemokines. Based on this data-mining method, we have developed and validated a nine-chemokine classifier. The utility of this nine-chemokine classifier may add to the prognostic value of the TNM stage system. Furthermore, the clinical application of this nine-chemokine classifier might stratify CRC patients with the same stage into low-risk and high-risk groups of recurrence after operation. CRC patients of high-risk group had shorter DFS than those of low-risk group in stage II and III patients. The nine-chemokine classifier may provide an additional biomarker for identifying potential candidates for aggressive treatment strategies. The molecular subtype should be considered before the clinical application of the prognostic signatures. Subgroup showed that the nine-chemokine classifier was not an independent prognostic factor for DFS in Marisa's C1, C3, and C4 subtypes patients. Therefore, the nine-chemokine classifier may only be applied in Marisa's C2, C5, and C6 subtypes patients.
The nine-chemokine classifier included three risky genes (CCL1, CCL14, and CXCL14) and six protective genes (CXCL1, CXCL3, CXCL9, CXCL10, CXCL11, and CXCL13). The previous study showed that high tissue levels of CXCL14 was associated with increased risk of recurrence and mortality among CRC patients. 34 However, high expressions of CXCL1,CXCL9, CXCL10, and CXCL13 may be correlated with better prognosis of CRC patients. 23, [35] [36] [37] Moreover, the prognostic values of these five chemokines were not further confirmed in another validation sets. The relationship of the remaining four chemokines (CCL1, CCL14, CXCL3, CXCL11) and CRC patients' prognosis should be further studied.
Although our study possessed the larger sample size for developing and validating this nine-chemokine classifier, we should acknowledge certain potential limitations. First, preliminary functional enrichment analysis indicated that the nine-chemokine classifier was mainly involved in immune response, inflammatory response, signal transduction, chemotaxis, and cell-cell signaling. But the mechanism of these nine chemokines has not been confirmed through experimental studies. Further experimental studies may provide potential therapeutic targets for CRC patients. Second, Affymetrix human genome U133 plus 2.0 array was used for obtaining the mRNA level data of chemokine family genes in this study. But the mRNA level data of some chemokines (CCL6, CCL12, CXCL7, and CXCL15) were not available in this microarray platform. The link between the mRNA levels of these chemokines and survival of CRC patients should be further investigated by experimental studies. Third, this multi-RNA classifier was only developed and validated by the mRNA-level data. The value 
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Prognostic classifier for colorectal cancer of this multi-RNA classifier was not further confirmed by the protein-level data. Moreover, future analysis of protein level on additional independent datasets would contribute to determine the potential importance of population and geographical differences.
In conclusion, we performed a comprehensive analysis of chemokine expression levels and corresponding survival information of CRC patients. We have successfully developed and validated a nine-chemokine classifier that may be a useful prognostic biomarker for the personalized treatment. It was the first study demonstrating a link between a multiplechemokine classifier and tumor recurrence in CRC patients. This nine-chemokine classifier may provide an effective risk stratification of disease-free survival in CRC patients with the same stage, especially for stage II-III patients. But we should acknowledge that the protein-level data of this ninechemokine classifier should be further validated before its clinical application. 
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